Basal ganglia output neurons transmit motor signals by decreasing their firing rate during movement.
Introduction 27
The basal ganglia (BG) have long been implicated in the selection and execution of voluntary 28 movements (Albin et al., 1989; Alexander and Crutcher, 1990b; Redgrave et al., 1999; Hikosaka et 47 gate cortical excitation so that during pauses of inhibition the excitatory inputs can evoke spikes 48 in the thalamocortical neuron (Bosch-Bouju et al., 2014; Edgerton and Jaeger, 2014) . If these 49 excitatory inputs are strong enough, the thalamocortical neuron fires also during the presence of 50 inhibitory inputs with fixed short latency after the inhibitory input spikes from SNr (Goldberg and 51 Fee, 2012; Goldberg et al., 2012) . 52 One prominent feature of the BG network is that neurons fire in an uncorrelated fashion, despite 53 the overlapping dendritic fields and local recurrent connections (Wilson, 2013) . Specific features 54 of the BG such as pacemaking neurons and high firing rate heterogeneity may act as mechanisms 55 for active decorrelation of activity. This effectively prevents correlations among neurons, and a 56 disruption of this mechanism leads to pathologically correlated activity as in Parkinson's disease 57 (Bar-Gad et al., 2003) . Increase correlated activity has also been observed in BG output neurons 58 in Parkinson's disease (Bergman et al., 1998) , which may compromise the transmission of motor 59 signals. Currently, however, we do not know whether active decorrelation serves a function in BG 60 output and whether this function is compromised in Parkinson's disease. 61 In addition to transmitting motor signals, BG output neurons may also be involved in further 62 sensory and cognitive processing. For example, SNr neurons also respond to salient sensory 63 stimuli instructing the initiation or stopping of movements (Pan et al., 2013; Schmidt et al., 2013) . 64 However, how these sensory responses affect thalamic motor circuits remains unclear. 65 
5
In the present study we used computational modelling to study the information transmission 66 from the BG to the thalamus via postinhibitory rebound spikes. We found that uncorrelated 67 BG output ensures a clear transmission of motor commands with low trial-to-trial variability 68 in the thalamic response latency. In contrast, pathological correlations in SNr lead to a noisy 69 transmission with high trial-to-trial variability. In addition, we found that sensory responses in 70 SNr can, depending on their timing relative to the movement-related decrease, either facilitate or 71 suppress rebound spikes leading to promote or suppress movement. Therefore, in the rebound 72 transmission mode, uncorrelated activity and sensory responses in the BG output serve functional 73 roles in the coordinated transmission of motor signals. 74 
Materials and Methods

75
Model neuron 76 In this study we used a Hodgkin-Huxley type model of a thalamocortical neuron (Rubin and 77 Terman, 2004). The model has four different ionic currents: a leak current (I L ), a Na + current (I Na ), 78 a K + current (I K ), and a T-type Ca 2+ current (I T ), which are determined by the membrane potential 79 and the channel conductances and reversal potentials (E). While the membrane conductance for 80 the leak current does not change with time (g max ), the membrane conductance for Na + , K + and 81 T-type Ca 2+ currents depends on the membrane potential and therefore can vary over time. These 82 voltage-dependent conductances are formed by the product of maximum channel conductance 83 (g max ) and voltage-dependent (in)activation variables (m, h, p and r) . 
89
The activation variable in K + current
Na + inactivation variable (h) which is a standard reduction in the order of differential equations 91 (Rinzel, 1985a) .
92
The T-type Ca 2+ channel
1+exp(−(v+60)/6.2) and slow inactivation dr dt = r ∞ (v)−r τ r (v) with the steady-state r ∞ (v) = 1 1+exp((v+84)/4) 94 and time constant τ r (v) = 28 + 0.3(−(v + 25)/10.5).
95
The T-type Ca 2+ channel can cause post-inhibitory rebound spikes by the following mechanism.
96
Prolonged hyperpolarisation leads to de-inactivation of the T-type Ca 2+ channel, i.e. the inactivation 97 gate (r) opens while the activation gate (p) closes. After shutting down the hyperpolarisation, the 98 inactivation gate closes slowly whereas the activation gate opens very fast. Therefore, while both 99 gates are open, the T-type Ca 2+ channel briefly opens leading to membrane depolarisation. Strong 100 enough depolarisation can lead to Na + spikes which are referred to as post-inhibitory rebound The thalamic model neuron receives two types of synaptic inputs; one inhibitory from BG output 103 (SNr → TC) and one excitatory from cortex (CX → TC). Synaptic currents (I X ) are described by 104 a simple exponential decay with the decay rate β X , where X denotes the synapse type (Gerstner 105 and Kistler, 2002) . Similar to the intrinsic ionic currents, each synaptic current is described in 106 terms of membrane potential and channel conductance (g max ) and reversal potential (v X ):
When a presynaptic neuron j spikes at time t i , 108 s j becomes 1 and decays with time constant β afterwards 
One can consider different amplitude distributions for Poisson spike trains with a given rate r 123 and pairwise correlation ε. In the present study, we specifically used binomial and exponential 124 amplitude distributions (Figure 1 ). While the binomial amplitude distribution has a high probability 125 density around the mean of the distribution ( Figure 1A ), the exponential distribution has a higher 126 probability density toward lower amplitudes (Bujan et al., 2015) ( Figure 1B ).
127
To generate spike trains with a binomial amplitude distribution we implemented a multiple 128 interaction process (Kuhn et al., 2003) ( Figure 1A ). For correlated outputs (ε > 0), the algorithm 129 starts from a Poisson spike train with rate λ , the so called "mother" spike train. We derived 130 neuronal spike trains by randomly and independently copying spikes of the "mother" spike train 131 with probability ε, leading to spike trains of rate r = ελ .
132
We also generated spike trains using exponentially distributed amplitudes described by:
where f (ξ ; τ) is the probability density for each amplitude ξ with the parameter τ. According 134 to Eq. 2, to compute ε for this distribution, we needed to compute the proportion of the second 135 moment to the first moment for this distribution. We used E[A n ] = ∑ N ξ =1 ξ n f A (ξ ) to compute the 136 first and second moments of the distribution and then applied it into Eq. 2, rewriting it to
9
This equation shows that ε depends on τ and we took a simple numerical approach to find τ for 138 each desired ε. We computed ε for a range of τ (from 0 to 5 with steps of 0.001) and then selected 139 the τ that yielded an ε closest to our desired ε ( Figure 1C ). The maximum error between the ε we 140 calculated using Eq. 4 and the desired ε was 5 × 10 −4 .
141
The next step was to generate the population spike trains using the probability distribution Mthal neuron is currently not known. However, current estimates based on optogenetic stimulation 150 of nigral terminals in the ventromedial thalamus in mouse brain slices suggest that there might be 151 more than 20 different inputs from SNr (Edgerton and Jaeger, 2014).
152
Data analysis: identifying rebound spikes
153
The model neuron can spike in response to excitatory input or due to release from inhibition with 154 post-inhibitory rebound spikes. To distinguish "normal" spikes driven by excitatory inputs from 155 post-inhibitory rebound spikes, we repeated simulations with exactly the same input (identical 156 10 seed for the random number generator), but with a modified model that is unable to create rebound 157 spikes. Post-inhibitory rebound spikes are due to the de-inactivation of T-type Ca 2+ channels, so 158 without this channel rebound spikes cannot occur. Therefore, we classified spikes as rebound 159 spikes, if they disappeared after the removal of T-type Ca 2+ channels (i.e. g T = 0 nS/µm 2 ).
160
However, to reduce potentially confounding effects, we ensured that the overall spiking behaviour 161 remained similar by increasing the Na + channel conductance to g Na = 6 nS/µm 2 .
162
Due to the randomness of the inhibitory input spike trains, the generation of a rebound spike 163 was probabilistic. This was in particular prominent in simulations with weak inhibition (see e.g.
164 Figure 6A ). Therefore, we measured the effect of sensory responses ( Figure 4 ) and single excitatory 165 spikes ( Figure 5 ) by the change in the probability of rebound spikes.
166
In the simulations in which we investigated the effect of ongoing excitation, we observed that for 167 some parameters rebound and disinhibition modes overlapped. To characterise this concurrence, 168 we computed the firing rate in a scenario with only inhibitory inputs to achieve the time interval 169 where rebound spikes occured. Then we ran the same simulation again, but this time with only 170 ongoing excitation, and again computed the firing rate in the same interval. Finally, we ran the 171 simulation in a scenario including both inhibitory and excitatory inputs, and again computed the 172 firing rate in this interval. We then subtracted the firing rate of the excitation-only simulation from 173 the firing rate from the simulation with both inhibitory and excitatory input. The resulting firing 174 rate difference indicated the contribution of the rebound activity. We compared this rate difference 175 with the rate we computed in the scenario with only inhibitory inputs to compute the proportion of To determine whether uncorrelated activity in BG output is important for the transmission of motor 200 signals, we simulated a thalamocortical neuron exposed to inhibitory Poisson input spike trains 201 with varying degrees of correlation ( Figure 2 ). We used binomial and exponential amplitude 202 distributions to generate correlated Poisson spike trains (see Materials and Methods). In addition, 203 we modulated the input firing rate so that it mimicked the movement-related decrease of BG output 204 neurons observed in experimental studies (Hikosaka and Wurtz, 1983; Schultz, 1986; Leblois et 205 al., 2007; Schmidt et al., 2013) .
206
For uncorrelated inputs the model responded to the movement-related decrease with a single 207 rebound spike (Figure 2A , left panel). However, for correlated inputs rebound spikes appeared 208 not only after the movement-related decrease, but also at random times during baseline activity 209 ( Figure 2A , middle and right panels). The reason for this was that correlated SNr activity lead not 210 only to epochs with many synchronous spikes, but also to pauses in the population activity that 211 were long enough to trigger rebound spikes.
212
13
In mammals multiple inhibitory projections from SNr converge on a single thalamocortical neuron 213 (Edgerton and Jaeger, 2014), which affects the strength of the inhibition on the thalamocortical 214 neuron. Since the degree of convergence is not clear, we repeated our simulations for different 215 inhibitory strengths, but found that the transmission quality did not depend on the inhibitory 216 strength as long as the inhibition was strong enough to lead to rebound spikes ( Figure 2C ).
217
Furthermore, as for more than two inputs the input spike trains cannot be uniquely characterised 218 by pairwise correlations, we considered two different possibilities for higher-order correlations 219 (see Materials and Methods). We found that the transmission quality strongly depended on both 220 the input average pairwise correlation and higher-order correlations among input spike trains 221 ( Figure 2B ).
222
Pairwise correlations affected the transmission only for a binomial amplitude distribution ( Figure 2B , 223 blue trace), but not for an exponential amplitude distribution ( Figure 2B , grey trace). For the 224 binomial amplitude distribution higher-order events ("population bursts") are common, which 225 increases the probability for pauses in the population activity. Thereby, even weak correlations 226 among SNr spike trains lead to a sharp decrease in the transmission quality. In contrast, for spike 227 train correlations with an exponential amplitude distribution, the decrease in transmission quality 228 was less pronounced ( Figure 2B , grey trace). This was because for the exponential amplitude 229 distribution lower-order events are more common, which are not sufficient for pauses in the 230 population activity of SNr neurons leading to thalamic rebound spikes. Therefore, in particular 231 higher-order correlations may be detrimental for the transmission of motor commands. Figure 2D ). Therefore, to investigate the model with a correlation structure that might 243 be relevant for Parkinson's disease, we generated input spike trains based on this distribution (see 244 Materials and Methods). We found that this input led to a low transmission quality ( Figure 2B , To study the effect of input correlations on transmission speed, we used the same scenario as above 257 (Figure 2 ) and measured the time between the onset of the movement-related decrease and the 258 rebound spike. We found that for no or weak correlations the transmission speed was fast, but 259 it decreased for stronger correlations ( Figure 3A) . Therefore, uncorrelated activity in BG output 260 regions may also promote fast transmission of motor signals. To generalise our findings on the 261 transmission speed beyond the scenario using the movement-related decrease, we further examined 262 transmission speed using (rebound) spike-triggered averages of inputs. Instead of simulating a 263 movement-related decrease, we exposed the model neuron to inhibitory inputs with a constant 264 firing rate. To compute the spike-triggered average, we used the peak of each rebound spike as the Figure 3A ). We found that for uncorrelated inputs transmission was very precise 276 in the sense that the trial-to-trial variability of the response latency was small ( Figure 3B ). In 
290
To model sensory responses in the SNr neurons, we added a brief increase in firing rate at different 291 time points relative to the movement-related decrease ( Figure 4A ). We generated the brief increase 292 by adding a single spike in each spike train having the sensory response at the desired time point.
293
This allowed us to observe the effect of the timing of sensory responses on rebound spiking.
294
To quantify the effect of sensory responses, we measured the difference in the probability of 
308
In addition to the timing of sensory responses relative to the movement-related decrease, also 309 the inhibitory input strength modulated the probability of generating a rebound spike (Figure 4 ).
310
For weaker inhibitory inputs (G SNr→TC = 0.25nS/µm 2 ), the probability of generating a rebound 311 spike was increased because the additional inhibitory inputs contributed to the hyperpolarisation of 312 18 the thalamocortical neuron. However, for slightly stronger inputs (G SNr→TC ≥ 0.35nS/µm 2 ), the 313 sensory responses could not further facilitate rebound spiking because the probability of generating 314 a rebound spike was already one. Accordingly, sensory responses were most effective in reducing 315 the probability of generating a rebound spike for medium input strengths (i.e. with a relatively 316 high probability of generating a rebound spike). We found that the most effective strength for 317 suppressing rebound spikes was at G SNr→TC = 0.35nS/µm 2 . However, the suppressing effect 318 vanished for G SNr→TC ≥ 0.8nS/µm 2 because for this strength the sensory responses themselves 319 caused a hyperpolarization strong enough to trigger a rebound spike ( Figure 4C ). Therefore, the 320 effect of sensory responses in SNr on motor signals strongly depended on the nigrothalamic 321 connection strength.
322
Rebound spikes in the presence of excitation 323
Having studied basic properties of rebound spiking in the model under somewhat idealised 324 conditions, we next extended the model to account for further conditions relevant in vivo. For 325 example, when studying the response of the thalamocortical neuron to inhibitory SNr inputs, we 326 have assumed so far that the movement-related decrease is present in all inputs. However, this 327 is not the case, and the amplitude of the decrease varies across neurons (Schmidt et al., 2013) .
328
Therefore, we investigated the response of the thalamocortical model neuron in a scenario in which 329 only a fraction of SNr inputs decreases their firing rates, while the remaining neurons do not 330 change their rates ( Figure 5 ). We found that the thalamocortical model neuron elicits a rebound 331 spike with high probability only when a large fraction of input neurons decrease their firing rates 332 to zero ( Figure 5A ).
333
The large fraction of SNr neurons required to exhibit a movement-related decrease in order 334 to elicit a rebound spike downstream constrains the scenario under which this transmission is 335 plausible in vivo. However, in a more realistic scenario the thalamocortical neuron also receives 336 excitatory inputs (e.g. from cortex). Therefore, we examined whether excitatory input can, under 337 some conditions, enhance the transmission via rebound spiking ( Figure 5B-D) . Importantly, the 338 excitatory inputs should be weak enough in order not to elicit spikes themselves. We simulated with a simulation that included only inhibitory inputs. We found that for parameter regions in 344 which the probability of generating a rebound spike was usually small (i.e. in the dark blue region in 345 Figure 5A ), additional excitatory spikes after the movement-related decrease increased the rebound 346 probability ( Figure 5B ). We confirmed that these spikes in the thalamocortical neuron are actually 347 rebound spikes (and not just driven by the excitatory input; see Materials and Methods). However,
348
for strong excitation the thalamocortical model neuron spiked even before the movement-related 349 decrease, indicating that these spikes were no longer rebound spikes.
350
For parameter regions in which the probability of generating a rebound spike was high (i.e. outside 351 the dark blue region in Figure 5A ), the excitatory input spikes could also suppress the generation of 352 20 rebound spikes when they occurred before the movement-related decrease ( Figure 5C) could promote the transmission of the motor command to the thalamocortical neuron ( Figure 5D ).
359
In conclusion, excitation broadens the parameter regime in which rebound spikes can be generated, we further investigated how ongoing excitation affects the mode of nigrothalamic transmission.
367
As before, we simulated the model neuron with movement-related inhibitory inputs, but added 368 a background excitation in the form of a 100 Hz Poisson spike train and examined the effect of 369 changing excitatory strength ( Figure 6 ).
370
In the rebound and disinhibition transmission modes, in an ideal scenario, the model neuron 371 21 fires spikes exclusively after the movement-related decrease in the firing rate of inhibitory inputs.
372
These spikes are either generated via post-inhibitory rebound spikes in the rebound mode, or via 373 depolarisation through excitation in the disinhibition mode. However, we found that rebound and 374 disinhibition modes can coexist in regimes in which the model neuron has non-zero baseline firing 375 rates ( Figure 6A) . 376 We characterised the nigrothalamic transmission mode (see Materials and Methods) according to 377 the proportion of trials with rebound spikes for a range of inhibitory and excitatory inputs strengths 378 ( Figure 6A ). Motor signals were transmitted via rebound spikes even in the presence of weak 379 excitatory inputs (G CX→TC ≤ 1.5 nS/µm 2 ; Figure 6A ). Interestingly, the transition from rebound to 380 disinhibition mode was not abrupt, but there was a region where disinhibition and rebound spikes 381 coexisted ( Figure 6D ). In these overlapping regions rebound spiking seemed to be the dominant 382 firing pattern with a strong, transient firing rate increase in response to the movement-related 383 decrease ( Figure 6D ; see also Discussion). Similarly, rebound spiking occurred also in regions in 384 which the model neuron is spontaneously active ( Figure 6E ). We conclude that the model neuron 385 can transmit motor signals in the rebound mode despite excitatory inputs.
386
In summary, our computational model suggests new functional roles for uncorrelated BG output We used computational modelling to study the impact of spike train correlations in the basal 393 ganglia output on the transmission of motor signals. Based on previous studies (Hikosaka and 394 Wurtz, 1983; Schultz, 1986; Leblois et al., 2007; Schmidt et al., 2013) , we focused our description 395 on movement-related pauses in SNr that potentially drive rebound spikes in Mthal. However, as 396 e.g. also neurons in the superior colliculus can respond with a rebound spike after prolonged 397 hyperpolarisation (Saito and Isa, 1999), our modelling results might apply more generally. In dopamine-depleted mice with Parkinson-like motor symptoms, the rate of Mthal rebound spikes 425 was also increased compared to healthy controls (Kim et al., 2017) . Furthermore, an increased 426 trial-to-trial variability of rebound spikes was found in dopamine-depleted mice, similar to our 427 simulations ( Figure 3 ).
428
Therefore, our results support a functional role for active decorrelation in the clear transmission 429 of motor signals with low trial-to-trial variability from the BG to Mthal. Pathological correlations 430 24 lead to unreliable or noisy transmission of motor signals with high trial-to-trial variability, which 431 may contribute to motor symptoms in Parkinson's disease.
432
Role of rebound spikes for motor output 433 In our simulations we only examined the activity of a single thalamocortical neuron. However, SNr neurons that decrease their activity during movement also respond to salient sensory stimuli 450 such as auditory "Go" stimuli cueing movement (Pan et al., 2013; Schmidt et al., 2013) . One 451 proposed functional role for this brief firing rate increase is to prevent impulsive or premature 452 responses during movement preparation in SNr neurons (Schmidt et al., 2013) . In addition, in 453 our model we observed that, depending on the precise timing, sensory responses may also promote 454 thalamocortical rebound spikes and movement. This effect was present when the sensory responses 455 preceded the movement-related decrease by up to 40 ms (Figure 4 ).
456
In rats performing a stop-signal task the same SNr neurons responded to the "Go" stimulus 457 also responded to an auditory "Stop" signal, which prompted the cancellation of the upcoming 458 movement (Schmidt et al., 2013) . These responses were observed in trials, in which the rats 459 correctly cancelled the movement, but not in trials where they failed to cancel the movement. Figure 3C ). Thereby, even for correlated SNr 482 activity, the duration of the pauses would not be long enough to allow the generation of a rebound 483 spike in the thalamocortical neuron.
484
Integration of decision making systems 485
In our model the generation of a rebound spike in thalamocortical neurons was strongly affected 486 by single excitatory cortical input spikes ( Figure 5 ). This means that the transmission of a BG 487 motor signal could be prevented by a single, precisely-timed cortical spike preceding the SNr 488 movement-related decrease by up to 20 ms ( Figure 5C ). This indicates a powerful mechanism 489 by which cortex could affect BG motor output signals. It has previously been argued that different 490 decision making systems, incorporating different strategies, might co-exist in the brain (Redgrave et 491 al., 1999; Daw et al., 2005) 2010), and that cancellation of BG motor signals serves as a means to prevent conflicting responses.
497
Finally, the same mechanism for cancelling BG motor signals could also be used to exert cognitive 498 control to overcome a habitual response. While this remains somewhat speculative at this point, g L = 0.05 nS/µm 2 E L = −70 mV g Na = 3 nS/µm 2 E Na = 50 mV g T = 5 nS/µm 2 E T = 0 mV g K = 5 nS/µm 2 E K = −90 mV v SNr→TC = −85 mV β SNr→TC = 0.08 ms −1 v CX→TC = 0 mV β CX→TC = 0.18 ms −1 g: Ionic channel conductance; E: ionic channel reversal potential; v: synaptic reversal potential;
β : decay rate of synaptic current. Figure 6 
